In this paper, a novel framework for optimizing the caching of popular user content at the level of wireless user equipments (UEs) is proposed. The goal is to improve content offloading over wireless device-to-device (D2D) communication links. In the considered network, users belong to different social communities while their UEs form a single multi-hop D2D network. The proposed framework allows us to exploit the multi-community social context of users for improving the local offloading of cached content in a multi-hop D2D network. To model the collaborative effect of a set of UEs on content offloading, a cooperative game between the UEs is formulated. For this game, it is shown that the Shapley value (SV) of each UE effectively captures the impact of this UE on the overall content offloading process. To capture the presence of multiple social communities that connect the UEs, a hypergraph model is proposed. Two line graphs, an influence-weighted graph, and a connectivity-weighted graph, are developed for analyzing the proposed hypergaph model. Using the developed line graphs along with the SV of the cooperative game, a precise offloading power metric is derived for each UE within a multi-community, multi-hop D2D network. Then, UEs with high offloading power are chosen as the optimal locations for caching the popular content. Simulation results show that, on the average, the proposed cache placement framework achieves 12, 19, and 21 percent improvements in terms of the number of UEs that received offloaded popular content compared to the schemes based on betweenness, degree, and closeness centrality, respectively.
D UE to the massive growth of smart devices and the increasing popularity of bandwidth-intensive applications, mobile traffic is expected to grow continuously at a rapid rate in the next few years [1] . Local area services and social network services are expected to constitute a major portion of this mobile traffic. In both local area and mobile social networking services, a large number of clients subscribe to a common content provider that frequently pushes multimedia content to the subscribers, e.g., text, photos, or videos. This can potentially generate thousands of duplicated downloads of the same content thus consuming a great amount of bandwidth in cellular systems [1] and [2] . As a result of both local area and social network services, a large part of the cellular traffic consists of a few popular files that must be delivered to co-located social groups of user equipments (UEs).
Offloading the traffic of local area services by leveraging direct device-to-device (D2D) communication links between UEs, is a promising solution to reduce the congestion on existing cellular networks [3] , [4] , [5] . In a D2D offloading procedure, the users can receive data from other UEs over D2D links instead of using the cellular links [4] , [6] . Since a large amount of traffic is generated by a few popular contents, caching popular files on the users' devices is one promising solution to offload the cellular traffic and reduce the load on the base stations and backhaul [7] . Thus, caching popular files at the UE level and disseminating it via the use of D2D communication links is now seen as a key approach for boosting the performance of tomorrow's 5G networks [8] . To properly decide on how and where to cache content, one must take into account, not only wireless physical parameters, such as channel gain or interference, but also new user-specific information, such as social metrics or geolocation, as discussed in [1] , [3] and [8] . Indeed, both the channel quality over the D2D links and the social tie between UEs become important to decide on how to place content and share the cached data. On the one hand, the social tie determines the common interests of the users, thus determining the way in which they share content. On the other hand, the data rate over the D2D links will determine the effectiveness of the data sharing [1] . For instance, in local area and social network services, the content provider first sends the content to a target set of UEs (known as seeds) via cellular network links. These seed UEs then cache the content and use D2D communication links to share it with other UEs in proximity and that belong to various social communities.
Many recent works have focused on developing new techniques to offload social network traffic by exploiting D2D communications among UEs such as [7] , [9] , [10] , and [11] . Some of these works such as in [7] have mainly focused on managing the interference among D2D links to increase the cooperative opportunity in sharing cached content at the UEs side. In contrast, in [10] , the authors focused on optimizing the overall system performance (e.g., minimize bandwidth) or the average delay of subscribers. However, the works in [7] and [10] consider that the UEs always offload their cached content over the D2D links, and they do not consider the social tie between UEs. The works in [12] and [13] have focused on the influence maximization problem in social networks. The influence maximization problem is approximated in general models that are referred to as the decreasing cascade and linear threshold models. Then, a greedy algorithm is proposed to choose a set of individuals such that the initial activating of this set is as large as possible in influence expectation. In [14] , a novel framework is proposed to enable devices to form multi-hop D2D connections in an effort to maintain sustainable communication in the presence of device mobility. The framework proposed in [14] can be used to derive an optimal solution for time-sensitive content transmission while also minimizing the cost that the base station pays in order to incentivize users to participate in D2D. The work in [15] focuses on how to efficiently identify communities in dynamic social networks. In this work, the authors present quick community adaptation, an adaptive modularity-based framework for not only discovering but also tracing the evolution of network communities in dynamic online social networks. In [16] , the problem of optimally determining sourceÀdestination connectivity of random networks with a finite number of nodes is studied. The authors in [16] determine a policy for establishing whether a designated source and destination are connected with minimum expected cost. The proposed policy in [16] simply condenses each known connected component to a single super node at each step, and in that condensation multi-graph it simply tests an edge that is both on the shortest path containing the super nodes, as well as on a minimum sourceÀ destination cut.
In [9] , [11] , [17] , and [18] , a social-aware D2D communication architecture is proposed to leverage social network features to optimize the use of D2D communications. For example, social ties can measure the strengths of users in D2D systems, and reflect to some degree the communication demands between UEs [9] . Moreover, a high degree of centrality in a social network can imply that a given user may play a key role in data transmission. Indeed, users usually share popular cached content to each other in the D2D network only if they have a strong enough social tie [1] and they may participate in different social communities. As a result, UEs with high centrality should be allocated more wireless resources so as to leverage their connections in D2D transmission [11] . In [17] , a social-aware framework for optimizing D2D communications is presented by exploiting users' relationships in the social network, and connections of UEs in the physical wireless network. Then, to enhance cooperation of users in content delivery in D2D network, the authors have proposed to use different social networking features. In [18] , a novel hypergraph framework is proposed to for studying social-aware caching in D2D networks. In particular, the authors use different hypergraph concepts, such as hypergraph coloring and multidimensional matching, to optimize spectrum allocation and cachce placement in a D2D network. In [19] , the authors study the information diffusion in a clustered multilayer network model, where all constituent layers are random networks with high clustering. One of the key results of [19] is that information with low transmissibility spreads more effectively within a small but densely connected social network. In [20] , the authors present a comprehensive study of the community-structured social network deanonymization problem. The main focus of this work is on privacy and anonymization challenges. In [21] , the authors prove that most properties of nodes, links, and paths are correlated among the social and D2D graphs. Then, they use the structure of the social graph to build forwarding paths in the D2D graph, allowing two nodes to communicate over time using opportunistic contacts and intermediate nodes. In [22] , the authors present a set of new temporal distance based metrics. Then, they show how these metrics can be applied effectively to characterise the temporal dynamics and data diffusion efficiency of social networks. In [23] , the throughput capacity of wireless networks with social characteristics is studied. In particular, the proposed model in [23] captures the impacts of the way people choose friends as well as the number of friends on the capacity of real large-scale networks specifically for the multicast traffic. In [24] , the authors propose a novel approach to detect properties of social grouping and human mobility. Then, popular social network users are used for one-hop opportunistic data forwarding. The work in [25] introduces new policies for dividing large communities into sub-communities following location or social interests. Then, users known as multi-homed users are exploited deliver data across the sub-communities.
In practical social networks, users may belong to different social communities where each community's members have the same interests in receiving cached content. Thus, in a D2D network, the social tie among users of one community, centrality in each social community, and the effects of different communities on on another must be considered to improve data offload via caching and D2D links. None of these critical parameters are accounted for in the existing works such as [1] , [7] , [8] , [9] , [10] , [11] , [12] , [13] , and [17] . Moreover, even though the majority of existing literature such as [1] , [7] , [8] , [9] , [10] , [12] , [13] , and [17] focuses on single community, some works such as [11] , [14] , [15] , [19] and [20] , do consider multiple communities. However, these multi-community works do not capture the dependence and effect of the centrality of one social community on the other, which is particularly important for cache placement in real-world D2D networks.
The main contribution of this paper is a new framework to optimally select a suitable set of seed UEs that can be used for the cache placement over D2D network. The proposed framework leverages multi-community social network features to optimize multi-hop D2D offloading procedure. Indeed, the proposed framework allows to maximize the expected number of UEs that receive cached content from the cache placement set through multi-hop D2D offloading procedure. To quantify the collaborative effect of seed UEs (in the cache placement set) on local data offload, a cooperative game in characteristic function form is proposed. For this game, we prove that the Shapley value of each UE in the cache placement set captures the exclusive effect of this UE on the effectiveness of offloading popular content over D2D links. To capture the effects of multiple communities of users on each other in a D2D network, we model the social graphs among the users and the D2D graph among the UEs using a hypergraph. Then, we propose two line graphs: directed influence-weighted graph and directed connectivity-weighted graph for analyzing the hypergaph model. Using the combination of the Shapley value and the hypergraph model, we define a new offload power metric for the UEs. This metric quantifies the power of each UE in offloading a cached content over the multicommunity multi-hop D2D network. Simulation results show that, on the average, the proposed framework achieves 12, 19 and 21 percent improvements in terms of the number of UEs that received offloaded content compared to the schemes based on betweenness, degree, and closeness centrality, respectively.
The rest of this paper is organized as follows. Section 2 presents the system model. In Section 3, the network centrality problem for optimal seed selection in social multihop D2D links is formulated. Then, in Section 4, a cooperative game approach for solving the network centrality problem is proposed and the properties of its Shapley value are studied. Then, our framework for cache placement based on the hypergraph model and the Shapley value approach is presented. In Section 5, the complexity of our proposed approach is analysed. In Section 6, we provide the simulation results while conclusions are drawn in Section 7.
SYSTEM MODEL
Consider a multi-hop D2D-enhanced cellular network in which a set N of N wireless user equipments can communicate directly via D2D communication links. Each user can access popular content from a base station (BS) over a cellular link or from a seed over a multi-hop D2D link. In our model, the network operator always ensures that the content cached at the seed is fresh and corresponds to the most popular content. Thus, most of the time, a user can obtain a fresh popular content from a seed. In case the seed does not have the requested content, then, the user can download it directly from the BS. In this network, a given UE can deliver a file of size B bits to a neighbor, i.e., in one hop, within one time slot t. The duration of each time slot is T seconds. Our model focuses on delay-tolerant services that are not affected by the potential delay incurred by multi-hop transmissions.
We assume an overlay D2D communication model [26] , in which a portion of the cellular resources is dedicated to D2D communications. Hence, no mutual interference occurs between D2D and cellular links. Consequently, the interference over any D2D link between two UEs m and n depends on other D2D pairs that communicate over the same resource block (RB) assigned to the D2D link between UEs m and n. We consider an orthogonal frequency division multiple access scheme for the D2D transmissions. In this scheme, each D2D link will be assigned one RB. We assume that the transmission power of each UE m is p m and the bandwidth of each resource block on the D2D link is equal to B w . Consequently, the data rate between UE m and UE n is given by
where h mn is the channel gain between UE m and UE n on each RB at time slot t, N 0 is the noise power spectral density, and b ¼ À1:5 ln 5Pe is the SNR gap for M-QAM modulation with P e being the maximum acceptable error probability. P k h kn p k is the interference from any other UE k 6 ¼ m on the D2D link between UE m and n when the same RB is allocated to the UEs k and m. We also assume a block fading channel for the D2D links whose fading process is assumed to be constant during one time slot (i.e., T seconds). Consequently, we can consider a constant bit rate over each D2D link during one time slot.
Considering all D2D links among UEs in the communication network, we introduce a D2D graph G d ðN ; E d Þ whose set of vertices is the set N of UEs and the set of edges (links) is E d ¼ fðm; nÞjm; n 2 N and B Rmn T g. Thus, a link exists from a given vertex m to another vertex n in the D2D graph if and only if UE m can transmit a single B-bit packet to UE n during one time slot t of duration T over a direct D2D link. Since UEs are carried by human users, we assume that all of the N users form a multi-community social network. In this social network, there are L social communities connecting the users who are carrying the UEs that form the D2D network. Let L l be the set of UEs belonging to social community l, thus [ L l¼1 L l ¼ N . Each social community l is modeled by a weighted social graph G s l ðL l ; E s l ; w s l Þ, whose vertices are the UEs belonging to social community l and whose edges are given by the set E s l ¼ fðm; nÞj0 < w mn ; 8m; n 2 L l g, where w mn is the social tie between UEs m and n which is obtained using the function w s l : E s l ! ð0; 1. This function captures the strength of the social tie. A higher value of w mn , w s l : ðm; nÞ ! w mn , represents a stronger social tie between UEs m and n.
Social ties are used to capture social relationships between users such as: friendship, kinship, colleague relationships, and altruistic behavior that are observed in human activities [11] . Due to the social ties among members of each community, the users in each community exhibit homophily as they share common contents [11] . For example, students usually share content related to their major or fans of specific sport will tend to share news about it. Thus, we assume that all members of each social community are interested in a common popular content. Consequently, we consider L popular files, each of which corresponds to one community. Since number of UEs that can cache the popular file for each community can be seen as a budget, we consider the worst-case scenario where just one UE from each community is selected as a seed. We defined a seed set S 0 consisting of L seed UEs. The BS sends to each seed the popular file that corresponds to each community. Then, the seed caches the popular content. The popular file per community needs to be received by all of the members of that community. For a given community and its associated popular file, other users belonging to other communities can help to forward the given popular content to the UEs of the given community by multi-hop D2D transmission. Since each UE m can send its cached content to another UE n over multi-hop D2D links, we say that UE n can be influenced by another UE m. Here, influence means receiving content over D2D links from other UEs that locally cached the data. Accordingly, we define the following one-hop influence concept.
Definition 1. The one-hop influence of a given UE m on its one-hop neighbor UE n in the D2D graph is the preference of UE m to transmit its cached content to UE n over a direct onehop D2D link .
Note that the defined one-hop influence depends on the social tie between two UEs of each community and also the multi-hop D2D path between them. In other words, when the social tie between members increases then the probability of transmitting a cached content to the neighbors will also increase. Moreover, when a node locally shares its cached content over D2D links, the content may go from one community's members to another over the D2D graph.
For example, assume that a given UE m 2 L u must send its cached content to another member of its community. It will then send this content to UE n that belongs to another community L v , if the shortest path between UE m and another member in community L u includes the UE n over the D2D graph.
Thus, if UE m 2 L u and UE n are neighbors in the D2D graph G d , the one-hop influence of UE m on the UE n will be
where P d mm 0 is the set of UEs which form a shortest path from UE m to UE m 0 within the D2D graph G d .
Given the one-hop influence model in (2), we consider the influence graph as a weighted directed graph G i ðN ; E d ; w i Þ. In G i , vertices are the set N of UEs and the weight of each edge ðm; nÞ 2 E d captures the one-hop influence of UE m on UE n, i.e., I mn .
We illustrate these parameters using a simple example, shown in Fig. 1 . In this example, 10 UEs are partitioned into two social communities G s 1 and G s 2 and form one D2D graph G d . For instance, since the channel gain between UE 2 and UE 3 is high enough, they are connected via a D2D link ð2; 3Þ 2 E d . Due to the social tie between UE 3 and UE 5 in social community 2, ð3; 5Þ 2 E s 2 and the weight w 35 captures the social tie between UE 3 and 5. For the influence graph G i in this example, we must compute the one-hop influence between all D2D neighbors. For example, consider UEs 2 and 3 in the D2D graph. These UEs belong to different communities but they are neighbors. Using Definition 1, we need to calculate I 23 and I 32 in order to obtain the influence graph G i as shown in the Fig. 1 . To compute I 23 , we need to consider that UE 2 would like to share a content with UE 6 with which it has social tie w 2;6 in G s 1 . Given that UE 3 is in its shortest path toward UE 6 in the D2D graph, we can calculate I 23 as w 2;6 3 . Similarly, to calculate I 32 , we need to consider that UE 3 would like to share a content with UEs 1 and 5 with which it has social ties w 3;1 and w 3;5 in G s 2 . Given that UE 2 is not in the shortest path toward UE 5 and is only in the shortest path toward UE 1 in the D2D graph, we can calculate I 32 as w 3;1 2 . Following the same procedure for all neighbors in the D2D graph, we can obtain the influence graph G i of the D2D graph. As shown in Fig. 1 , UEs 6 and 5 are selected as seeds and the BS sends popular content 1 to the UE 6 in social community 1 and popular content 2 to the UE 5 in social community 2. The list of notations used throughout this paper is presented in Table 1 .
In general, the D2D links between UEs as well as their social tie will affect the total number of UEs that cache and offload the popular content over D2D links. Thus, we need to exploit the social tie among users to select an appropriate seed set in the D2D graph. The optimal seed set can be selected to maximize the total expected number of UEs that will ultimately receive the popular content over a multi-hop D2D network. Finding the optimal seeds in a directed weighted graph is known as a top-k node problem or influence maximization problem [27] .
Our goal is to select a seed set of k users to maximize the expected number of UEs that will receive the cached data in the D2D graph. The network can then send popular content directly to the seed set over cellular links from the BS. Then, UEs in the seed set cache the popular content and other UEs can download this content from the the seed set over D2D links [28] . This optimal set is called the most influential set of nodes in a network. Such a top-k node or influence maximization problem is known to be NP hard [28] , [29] . Next, we exploit the social ties among members of one community and the effect of members of communities on each others over the multi-community social aware multi-hop D2D graph to derive the optimal seed set of UEs.
NETWORK CENTRALITY FOR SEED SELECTION
Our main goal is to find the center of the D2D graph G d . This will allow finding the optimal cache placement, in order to maximize the expected number of UEs that receive cached content from the cache placement set using multihop D2D sharing. Then, the UEs can receive data from the seed set members and distribute it over the D2D graph according to their social tie. Let S t be the set of UEs that have received popular content until time slot t. Then, S ¼ fS 0 ; S 1 ; . . . ; S t g is defined as a diffusion process in which S t is the set of UEs that have received content and cached it by the end of time slot t. The influence maximization problem for offloading social data in multi-hop D2D networks can be defined as follows:
The influence maximization problem in L-community multi-hop D2D networks aims to select a seed set S 0 consisting of L UEs, to maximize the number of UEs that received cached content over D2D links.
Let C n be the set of one-hop neighbors of UE n within graph G d . We define the distance d mn between two UEs m and n as the summation of the links' weights in the shortest path between the UEs in the weighted influence graph G i .
Then, we define C n;d ¼ fmjm 2 G d ; d mn dg to be the set of d-distance neighbors of UE n. This set includes the UEs whose distance from UE n is less than d. A lower distance between UEs leads to faster offloading of the cached content through D2Dsharing.Next,wedefinethe following concept.
as the expected number of UEs in the set C n;d that can receive the cached data over the D2D graph from the UEs in S t . This is given by:
where I mn is given by (2) .
Whenever a UE k 2 S t transmits its cached data to one of the UEs in the d-distance neighbor set of UE n, we say that UE k affects UE n. If all UEs in S t , except UE k fail to affect UE n, then we can say that UE k exclusively affects UE n. Now, we can calculate the exclusive influence of each UE k. Proposition 1. The exclusive influence of each UE k 2 S t on the d-distance neighbor set of a UE n is given by
Proof. Given (3), we can write
where ð1 À Q m2C j \fkg ð1 À I mn ÞÞ represents the probability that UE k shares the cached data with at least one of the one-hop neighbors of UE j, where j 2 C n;d . Moreover, Q m2C j \fS t nfkgg ð1 À I mn Þ is the probability that none of the members of S t nfkg can share the content with one of the one-hop neighbors of UE j, where j 2 C n;d . Thus, the multiplication of these two terms represents the probability that UE k exclusively offloads its cached content to one of the members of C n;d . Considering the summation over all the members of C n;d , the above expression represents the expected number of members in C n;d to which UE k exclusively offloads its cached data.
t u
According to Definition 2, the influence optimization problem that maximizes the expected number of UEs that received data over D2D links and cached it, is given by
The effect of the initial seed set S 0 on another future set S t in the diffusion process S depends on the d n -influence of S t in each time slot. Generally, an influence maximization problem such as (5) is known to be NP-hard [28] and [12] .
There are some conventional sub-optimal solutions for solving (5) such as degree centrality, betweenness centrality, and closeness centrality [30] . However, they are not sufficient to properly understand the relative importance of seeds as stand-alone entities in the D2D graph. The reason is that these existing methods select the seed set without 
Offloading power of UE k D i ðHÞ considering the cumulative effect that the selected seeds have on each other during the diffusion of social content over the D2D graph [31] and [32] . However, in a multicommunity social network that uses a multi-hop D2D network, the effect of each seed in offloading social data depends on the contribution of other seeds. This is due to the physical connection between the UEs with in the D2D network and the common social interests of the users in a given community. Consequently, we need to take into account the contributions of all possible combinations of UEs from different communities in offloading content through D2D links. Game-theoretic network centrality has recently attracted attention as a promising solution to address the above limitation such as in [27] . In particular, it has been shown that the cooperative game concept of a Shapley value (SV) is an effective measure of the importance of players within a group [27] and [33] . In fact, the SV of each node in a graph can be considered as its influence when combined with other nodes if the value function of the cooperative game is appropriately defined as the influence of the players on other nodes over a graph. As a result, the Shapley value of each UE in the a given game can be interpreted as a centrality measure. The use of SV-based network centrality confers a high degree of flexibility (which is completely lacking in traditional centrality metrics) to capture the social tie and wireless channel gain between UEs. Moreover, this new paradigm has already been proved to be more useful than traditional centrality measures for certain real-life network applications such as in [33] . Thus, next, we will define a game and compute the Shapley value to sub-optimally solve the centrality problem (5).
SEED SELECTION BASED ON A COOPERATIVE GAME
Given a graph G d , we use g to define a coalitional game gðN ; vÞ whose set of players is the set of UEs N (in the D2D graph). Here v is the game's characteristic function [34] . A coalition of UEs S is simply any subset of N . The value of a given coalition S, which is a function over the real line, depends on the D2D graph, vðS; G d Þ ! R. Thus, considering a coalition S of UEs, the definition of the characteristic function must quantify the effect of this coalition on offloading content over the D2D graph G d [31] . Given the diffusion model in (2), the influence of each UE in coalition S on its one-hop neighbors, the number of one-hop neighbors in the current time slot, and the possible future multi-hop neighbors during next time slots affect the diffusion process S. Thus, we define a value function for the game that reflects these parameters in its characteristic function formulation.
Value Function
Given a D2D graph G d , we define the value of the game as the summation of the d n -influence of its members on the UE in the D2D graph, as follows:
A coalition that achieves a higher value function in (6) will have a higher probability of sending the cached data to the other UEs over the D2D graph. Here, a n is a price parameter per unit influence. Thus, the value function in (6) will be a monetary value and of transferable utility [34] . From (3), we can see that the value of each coalition is related to the social tie between its members and their one-hop neighbors over the D2D graph.
Seed Selection Using the Shapley Value
The Shapley value , f k ðS 0 ; G d Þ, of a player k in a coalition S 0 is given by f k ðS 0 ; G d Þ ¼ P
. Consequently, if a UE k achieves a high SV, this UE will contribute more to the value function of any randomly chosen coalition of UEs R compared to UEs in S 0 . Following (6) , the defined value function captures the influence of coalition S 0 in the distribution of the cached data over G d . Thus, a higher SV for a UE k 2 S 0 implies a higher degree of collaboration between this UE and other UEs in S 0 for the purpose of transmitting cached content over D2D links. Next, we show how the Shapley value of each UE k is related to its exclusive influence on the UEs which are not in its coalition. Theorem 1. The Shapley value of each UE k in coalition S 0 , is equal to the exclusive influence of UE k on the UEs which are not in S 0 , which is given by
a n 1 þ jC n;d j :
Proof. Following (4) in Proposition 1, we can write f k ðS 0 ; G d Þ ¼ P RS 0 nfkg ðjS 0 jÀjRjÀ1Þ!jRj! jS 0 j! P n2N nR I d ðn; kÞ. Given a coalition R and a UE k = 2 R, the necessary condition under which UE k exclusively affects another UE n to have an empty intersection set between the one-hop neighbor sets of all UEs in coalition R and the d-distance neighbor set of UE n. This implies that f[ j2R C j g\ C n;d ¼ ;. Given that the permutations are chosen uniformly for computing the SV, it has been shown in [31] that this necessary condition, f[ j2R C j g \ C n;d ¼ ;, is satisfied with probability 1 1þjC n;d j . Thus, Prðf[ j2R C j g \ C n;d ¼ ;Þ ¼ 1 1þjC n;d j . Moreover, if UE k wants to send its cached content to the set of d-distance neighbors of UE n, at least one of the members of the d-distance neighbor set of UE n must be in the set of one-hop neighbors of UE k. This means that C k \ C n;d 6 ¼ ;. Thus, the Shapley value of UE k in the social weighted D2D graph G d is given by (7) . t u
The relationship in (7) shows that the SV of a given UE will be affected by two key factors: a) the number of its onehop neighbors and b) the UEs in the d-distance of its onehop neighbors. In other words, the Shapley value of UE k in a coalition will be higher if UE k has many one-hop neighbors and the distance of these one-hop neighbors from other members in the coalition is less than d. Consequently, if we select the seed set according to the Shapley value of UEs for the games defined in (6) over the graph, each seed can send its cached content to those UEs that are not in the d-distance of the one-hop neighbor set of other seeds.
If we just model the interactions of UEs on the simple D2D graph with the proposed game (6), we will not capture the effect of two key parameters on the D2D sharing of the cached content: a) the social tie between members of each community and b) the effect of the communities on one another. One natural way to capture these interactions among different members of the social communities that interact over the D2D graph is using a hypergraph model [35] and [32] .
Social Communities as Hypergraphs
If the problem of caching and offloading content in the multi-community multi-hop D2D networks is modeled by a simple graph, the effect of the communities in offloading social content on each other will not be fully characterized. Thus, we must consider the graph representation of different layers: the physical D2D layer and the different layers of the social graphs. Although the interplay among social communities pertaining to a D2D graph is very challenging, we use a hypergraph framework that is a useful mathematical tool to analysis complicated relationships among multiple entities [18] , [32] and [35] . The hypergraph model allows capturing, not only the effect of the social ties between members in each community but also the effect of the interaction between different communities on offloading the cached content. Hence, we model the set of individuals belonging to one community using the hyperedge of a hypergraph, and, then, we can apply hypergraphs to model the multi-hop D2D network while taking into account the presence of multiple communities. Hence, a hypergraph is a generalized graph in which edges can consist of any subset of the vertices while an edge can exactly consist two vertices in the traditional graph [18] and [32] . One way of analyzing a hypergraph is to model it using a line graph and then analyzing the modeled line graph [32] . The line graph of a hypergraph is a weighted graph whose vertices are the hyperlinks of the hypergraph and the weight on each edge is related to the interaction between two hyperedges of the hypergraph. Following the properties of the multi-community multi-hop D2D network, we define two weighted graphs from the hypergraph model. 
where fðm; m 0 Þj8m; m 0 2 L u ; P d mm 0 \ L v 6 ¼ ? g is the set of pairs in community L u that the shortest path between them passes through community L v , w mm 0 is the social tie between UE m and m 0 belonging to community L u , and jP d mm 0 j is the number of UEs along the shorest path between UE m and m 0 . Thus, the directed community-weighted graph D i ðHÞ captures the social tie of the end pair of each path and also the path length that one community provides for other community on the D2D graph. The weight on the link from community L u to the community L v is equal to the number of pairs in community L u that the shortest path between them passes through L v . Thus, the directed connectivity-weighted graph captures the effects of two communities on each others when the UEs of these two communities provide shortest path for each other in the D2D graph.
Proposed Approach for Content Placement
To solve the influence optimization problem in (5) within a multi-community, multi-hop D2D network, we must consider two parameters: a) the effect of each member on other members in each community and b) the effect of one community on other communities. If we use the game model presented in (6) for the social graph of each community, then the SV of each player will capture only the exclusive influence of each user on other members of its community. If we use the game in (6) for the directed communityweighted and connectivity-weighted line graphs of the hypergraph H, then, the Shapley value of each player will capture the exclusive influence of one community on other communities. To capture the influence of each UE on its community's members and the members of other communities using a single metric, we define an offloading power metric for each UE. A larger offloading power means that the UE has a higher capability for offloading social content in multi-community multi-hop D2D graph. The offloading power of a given UE k that belongs to a community L j on the line graph D of the hypergraph H is given by
where f k ðG s j Þ is the Shapley value of UE k on its social graph G s j as given by (7) , and f k ðDÞ is the Shapley value of community L j over the directed weighted line graphs D i ðHÞ or D c ðHÞ of hypergraph H. f k ðDÞ is given by (7) . After defining O k , we compute the offloading power of each UE in D2D graph using Equation (9) . In each community, the UE that has the highest offloading power among the members of its community, is selected as the seed from that community. Thus, the seed set includes the L UEs that have the highest offloading powers among the members of its community.
COMPLEXITY ANALYSIS
The complexity of proposed approach stems from the computation of the Shapley value. A direct application of the original Shapley value formula involves considering Oð2 jN j Þ coalitions [34] . Such an exponential complexity in the number of users can be prohibitive for bigger networks. However, based on see Theorem 1, the complexity of calculating the exact formula for the Shapley value in (7) is restricted to the user degree and the shortest path between two users in influence graph. Since, the complexity of calculating the user degree is OðjN jÞ and the complexity of calculating the shortest path between two users, is OðjE d jþ jN jlog jN jÞ [31] . Consequently the complexity of the proposed approach is OðjN jjE d j þ jN j 2 log jN jÞ, which is reasonable for the type of problems we are dealing with.
In practice, the worst case situation for computing the calculated exact formula for the Shapley value in (7) is not likely to occur. This is due to the fact that, in practical scenarios, the probability that every user is reachable from all other users that are within a cutoff distance is low. For example the proposed approach can be used in real scenarios in the context of a D2D local area network (LAN) [36] . In D2D LAN scenarios, the users have a cluster-based distribution such as in a campus, coffee shop, mall, or football stadium, and in each cluster, the number of users as well as the diameter of D2D graph are relatively small. Thus, the complexity of proposed approach in such practical and cluster-based scenarios is acceptable.
SIMULATION RESULTS
For simulations, we compare the analytical results of the proposed social-aware framework with other conventional centrality approaches. We consider three metrics indicating the seed set: SV metric on the influence graph (SV) (7) , offloading power from the hypergraph modeled by the directed influence-weighted graph (SV:influence) (9), and offloading power from hypergraph modeled by the directed connectivity-weighted graph (SV:connectivity) according to (9) . The baselines used for comparison are the conventional centrality measures: degree centrality, betweenness centrality, and closeness centrality [28] and [31] . We consider a BS at the center of a circular area having a radius of 1 km. We consider that the UEs form spatial clusters in this circular area. The locations of cluster centers are a realization of a Poisson point process and the UEs are randomly distributed around the cluster centers' locations. The UEs are randomly associated to the communities. The strength of the social tie between any two UEs in one community is uniformly selected from 0 to 1. We consider 1 millisecond for each time slot. The bandwidth of each RB is 15 kHz. We consider 2 GHz as a carrier frequency. The maximum power of each UE is 10 mW which can be equally divided among RBs. The noise power spectral density N 0 is considered to be À170 dBm per Hz. We assume a path loss exponent 2.5 and a Rayleigh fading with mean 1 for the channel model of the D2D links. We set the length of each packet to 100 bits, and the target bit error rate to 10 À7 . All statistical results are averaged over a large number of independent runs. Fig. 2 shows the impact of the distance parameter d on the offloading speed of the cached social content. The offloading speed of social content is the average difference between the number of UEs that received the cached data with D2D sharing during two consecutive time slots. From Fig. 2 , we can see that the offloading speed increases suddenly when the distance parameter increases, and then it decreases for high distance. Fig. 2 shows that the offloading speed reaches a maximum value when the distance parameter is around 30, 40 and 50 percent of network diameter for SV, SV:connectivity, and SV:influence approaches, respectively. Clearly, the SV:influence approach has the highest offloading speed and the SV scheme achieves the lowest speed. In Fig. 2 , for a low value of d, the d-distance neighbor set of each UE will not be far from this UE. In this case, the probability that the one-hop neighbor set of each UE will have common members with the d-distance neighbor set of other UEs decreases. Thus, the size of one-hop neighbor set becomes more effective in increasing the SV following (7) . Consequently, UEs having a large number of one-hop neighbors which are in a crowded portion of the graph are selected as seeds for low d. However, for a larger d, the d-distance neighbors of each UE will be located at a relatively far location from this UE. Thus, the one-hop neighbors of one UE can be in d-distance of other UEs with more probability. Consequently, the UEs which are in sparse part of the graph are selected as a seed for high d. However, when the distance d is around 40 percent of the network diameter, neither the UE in sparse nor the UEs in crowded area of D2D graph are selected as seeds. In this case, the UEs in sparse and crowded areas receive cached content with lower hops from the selected seeds. Consequently, the average offloading speed is maximized for the d around 40 percent of network diameter. The offloading speed resulting from the SV:connectivity and SV:influence approaches is higher than SV approach, because they consider the effect of social tie and social community in selecting seeds while the SV just apply social tie information among UEs. Finally, the offloading speed of the SV:connectivity approach is lower than that of the SV:influence since this latter considers not only the number of connection between two social communities on D2D graph but also the social tie of these connections. Fig. 3 shows the distribution of the UEs' SV and offloading power which are normalized by their maximum value. The number of UEs that have the highest normalized value are 2, 6, and 11 for the SV, SV:connectivty and SV:influenced approaches, respectively. In Fig. 3 , we can see that the normalized SV of the most UEs is around 0.4 , while the SV: connectivity and SV:influence approaches assign 0.8 normalized offloading power to most of the UEs. Moreover, Fig. 3 shows that, the number of UEs that have a high normalized offloading power is larger than those having high normalized SV. This means that there are some UEs that are considered effective under SV:connectivity and SV:influence approaches while the SV approach categorized them as ineffective in offloading social content over the D2D graph. This is due to the fact that UEs that have a low SV will have a low connectivity degree and UEs in their onehop neighbor set are in the d-distance neighbor set of other effective UEs. Thus, the number of UEs with high SV in one community is low. These UEs with low SV in one community can have more offloading power, because they may be in the shortest path set between the members of other community. Thus, they can be critical in offloading the content between the members of other communities. Fig. 4 shows the impact of the number of UEs on the number of influenced UEs within the D2D graph when d ¼ 40% of the network diameter. From Fig. 4 , we can see that the number of influenced UEs increases when the number of UEs increases. Clearly, the number of influenced UEs resulting from the proposed schemes is higher than the number of influenced UEs resulting from conventional centrality approaches. The betweenness centrality behavior is closest one to the Shapley value centrality. The three conventional centrality approaches do not consider the common effect of other seeds on sharing cached content with other UEs. The closeness and degree centralities usually choose the seeds which are close to each other in the crowded parts of the D2D graph, and betweenness centrality usually choose the seeds which are in the most of the shortest path sets between other UEs. Thus, the UEs located in the crowded portions of the D2D graph which are connected to other crowded area are selected as the seeds. The proposed approaches increase the exclusive effect of each seed by decreasing the common members among the d-distance neighbors of the one-hop neighbors of the selected seeds. Thus, the seeds resulting from the proposed approaches are distributed across the D2D graph. Since the SV:connectivity and SV:influence approaches consider the the effect of social communities on each others, the seed set selected by these approaches has the most number of influenced UEs. On the average, the SV: influence achieves 12, 19 and 21 percent improvement in the number of affected UEs compared to betweenness, degree, and closeness approaches, respectively. Fig. 5 shows the impact of the number of UEs on the average social content offload speed when d ¼ 40% of network diameter. From Fig. 5 , we can see that the offload speed increases when the number of UEs increases. From this figure, we can see that degree centrality, our proposed approaches, and betweenness centrality have the maximum, medium, and minimum average speed of the offloading social content, respectively. The reason is that, in the average degree centrality, the seeds offload social content to many UEs in their one-hop neighbors. The average speed of degree centrality decreases in the last time slots because the total number of affected UEs is low (Fig. 4) . Although the speed of offloading of the degree centrality is the highest, the total number of UEs affected in degree centrality is near the lowest one ( Fig. 4 ). Hence, in degree centrality, the seeds can quickly share their cached content. However, the number of UEs affected by more than one seed is large because the degree centrality does not consider the exclusive influence of seeds. In contrast, for the proposed approaches, even though the offloading speed is below the degree centrality, the total number of affected UEs is the highest (see Fig. 4 ). The reason is that the number of UEs affected only by one seed is high, since the exclusive influence of each seed is high in our proposed approach. Thus, it takes more time to share the cached content to other UEs. However, the content is now received by a large number of UEs.
For a real-world case, we use Netvizz, a data collection and extraction application that allows exportation of data in standard file formats from different sections of the Facebook social networking service [37] . Friendship networks, groups, and pages can thus be analyzed quantitatively and qualitatively with regards to demographical, postdemographical, and relational characteristics [37] . We extract the data from three group pages of students at Virginia Tech on Facebook. These groups are related to sports clubs that gather communities of students who are interested in a common sport. Based on the results from Netvizz, the social network of each community is extracted in which the social tie among two nodes captures the social interest of two members in common data such as a certain sport video file. For the D2D graph capturing the locations of users and their possible D2D links, we distribute the users based on a cluster process over an area of 1000 m Â 1000 m that represents a campus area, then we randomly assign each user to one of the members of three communities. The strength of the social tie between any two UEs in one community is based on the data extracted from the Facebook group pages. Fig. 6 shows the impact of the number of UEs on the number of influenced UEs within the D2D graph for a realworld case. Fig. 6 shows that the number of influenced UEs increases with respect to the number of UEs. Moreover, the proposed schemes yield a higher number of influenced UEs compared to the conventional centrality measures. The reason is that the proposed approaches increase the exclusive effect of each seed over D2D graph. In addition, the SV:connectivity and SV:influence approaches consider the mutual effect of social communities. Hence, the seed sets selected by these approaches yield the largest number of influenced UEs. For the real-world case, on the average, the SV:influence achieves 13, 14, and 16 percent improvement in the number of affected UEs compared to betweenness, degree, and closeness approaches, respectively. Fig. 7 shows the impact of the number of UEs on the average social content offload speed for a real-world case. Fig. 7 shows that the offload speed increases with respect to the number of UEs. From this figure, we can see that degree centrality, our proposed approaches, and betweenness centrality achieve the maximum, medium, and minimum average speed of the offloading social content, respectively. The reason is that, the speed of offloading is high at the initial time slot for the average degree centrality because the seeds offload social content to many UEs in their one-hop neighbors. Although the speed of offloading of degree centrality is the highest, the total number of UEs affected in degree centrality is nearly the lowest one as shown in Fig. 6 . This means that the seeds can quickly share their cached content, but they share it with common UEs. Although the speed of offloading of the proposed approaches is lower than degree centrality, the proposed approaches outperform all other centrality measures. Fig. 8 shows the probability distribution function (PDF) for the offloading delay per UE. As we can see from Fig. 8 , the average offloading delay per UE for the SV, SV:connectivity, and SV:influence approaches are respectively 3.86, 3.77, and 3.58 milliseconds, and for the degree centrality the stochastic average offloading delay is 3.54 milliseconds. Thus, on the average, the average offloading delay per UE resulting from the proposed SV-based approaches is only about 0.2 milliseconds higher than degree centrality. To further illustrate how our approach can work for mobile cases, we simulate a new setup in which the users move. In our simulation, the social graph of each community is stable while the D2D graphs randomly change over time. We move 170 users with different speeds based on a random walk model. We consider a higher correlation between the movement patterns of users that have strong social tie. After each change in the D2D graph due to the users' mobility, we compare two scenarios: using the initially selected seeds for the new, modified D2D graph (A); and selecting new seeds based on the new D2D graph (B). Fig. 9 shows the difference between the number of influenced UEs for the two seed selection scenarios A and B as function of the users' speed. As we can see from Fig. 9 , the difference between the number of influenced UEs increases with the speed of the UEs. This is due to the fact that, by increasing the speed of the UEs, the dynamic change in the D2D graph increases and the seed selection in scenario B has to recompute the selected seed while scenario A retains the initially selected seeds. On the average, the difference between the number of influenced UEs for these two scenarios A and B is around 4 for SV-based approaches and less than 6 for other approaches, which represents a very small fraction of users. This stems from the correlated mobility patterns of the users [21] , [22] . Thus, for low-speed mobile users, if we do not recompute the SV after every change in D2D network, just 4 out of 170 users (around 2 percent) will not be influenced which demonstrates the effectiveness of our approach even for mobile cases.
CONCLUSION
In this paper, we have proposed a novel context-aware framework for cache placement at wireless UEs in order to improve social content offloading in a D2D-enhanced cellular network. In this network, the users belong to different social communities while UEs form a single multi-hop D2D network. We exploit the multi-community social context of users for improving the local offloading of cached content by allowing an effective use of multi-hop D2D sharing. Based on the social tie of the users, a cooperative game between UEs is proposed. The value of a coalition is equal to the d n -influence of its members on other UEs over the D2D graph. We have proved that Shapley value of each UE in the proposed cooperative game shows the exclusive effect of UE in content offloading over D2D links. Due to social tie between members of each community and D2D links between UEs, we have modeled the cache placement problem using hypergraph that is analyzed using two line graph models. Using the proposed line graphs coupled with the SV derived from the cooperative game, we have defined an offloading power for each UE in multicommunity multi-hop D2D network. Hence, we have considered the UEs with high offloading power which have more exclusive effect on both of its and other community's members as the cache placements. Simulation results have shown that on the average the proposed approach yields significant improvements in terms of the number of UEs that offload popular content, compared to the schemes based on the classical centrality measures. Mohammad Hossein Manshaei received the BSc degree in electrical engineering and the MSc degree in communication engineering from the Isfahan University of Technology, in 1997 and 2000, respectively, and the MSc degree in computer science and the PhD degree in computer science and distributed systems from the University of Nice Sophia-Antipolis, France, in 2002 and 2005, respectively. He did his thesis work with INRIA, Sophia-Antipolis, France. He is currently an associate professor with the Isfahan University of Technology, Iran. From 2006 to 2011, he was a senior researcher and lecturer with EPFL, Switzerland. He held visiting positions with the UNCC, NYU, and VTech. His research interests include wireless networking, wireless security and privacy, computational biology, and game theory.
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